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Type 2 diabetes mellitus
Predictive model
Coronary heart disease
CORDIOPREVa b s t r a c t
Introduction: A distinctive gut microbiome have been linked to type 2 diabetes mellitus (T2DM). We
aimed to evaluate whether gut microbiota composition, in addition to clinical biomarkers, could improve
the prediction of new incident cases of diabetes in patients with coronary heart disease.
Methods: All the patients from the CORDIOPREV (Clinical Trials.gov.Identifier: NCT00924937) study
without T2DM at baseline were included (n = 462). Overall, 107 patients developed it after a median
of 60 months. The gut microbiota composition was determined by 16S rRNA gene sequencing and predic-
tive models were created using hold-out method.
Results: A gut microbiota profile associated with T2DM development was determined through a
microbiome-based predictive model. The addition of microbiome data to clinical parameters (variables
included in FINDRISC risk score and the diabetes risk score of the American Diabetes Association, HDL,
triglycerides and HbA1c) improved the prediction increasing the area under the curve from 0.632 to
0.946. Furthermore, a microbiome-based risk score including the ten most discriminant genera, wasn, 14004
devel-
C. Vals-Delgado, J.F. Alcala-Diaz, H. Molina-Abril et al. Journal of Advanced Research xxx (xxxx) xxxassociated with the probability of develop T2DM.
Conclusion: These results suggest that a microbiota profile is associated to the T2DM development. An
integrate predictive model of microbiome and clinical data that can improve the prediction of T2DM is
also proposed, if is validated in independent populations to prevent this disease.
 2021 The Authors. Published by Elsevier B.V. on behalf of Cairo University. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Introduction
One of the metabolic disorders with a higher incidence which
has a strong public health impact worldwide is Type 2 diabetes
mellitus (T2DM). Insulin resistance (IR) along with impaired
beta-cell function are critical determinants of this disease [1].
Moreover, obesity has been associated with the chronic activation
of inflammatory pathways causally linked to IR [2].
The concurrent presence of coronary heart disease (CHD) and
T2DM significantly raises the risk of macrovascular complications
and mortality [3]. It is therefore especially important to design
strategies to prevent the development of this disease in patients
with CHD. The current standard approaches for identifying patients
at higher risk of T2DM include risk scores such as that provided by
the American Diabetes Association (ADA) [4] or Finnish Diabetes
Risk Score (FINDRISC) [5]. However, these tools are not always able
to accurately predict the development of the disease, which varies
in different ethnic and population groups [5–7]. There is therefore
an urgent need to improve the early detection of T2DM risk in such
patients. In this context, we recently reported that postprandial
endotoxemia has a considerable potential to asses diabetes risk [6].
Our intestines harbor a vast microbial community, which inter-
acts with the host exerting major metabolic functions. Human
studies have shown that the microbiome composition determines
the functionality of the gut microbiota associated with obesity
and T2DM [8,9].
A growing number of cross-sectional case-control studies have
appeared in past few years showing that the intestinal microbiota
of diabetic patients, differs from non-diabetic individuals [8]. How-
ever, although most of the studies did not assign a causal role to
the gut microbiota, and they might have also been influenced by
an anti-diabetic drug, such as metformin, that has been demon-
strated to modify gut microbiota composition [10], it has been
recently reported that microbiota of T2DM patients is also altered
in absence of diabetes treatment [11]. Furthermore, several studies
showed a transitory improvement in IR following fecal transplan-
tation from healthy individuals to patients with the metabolic syn-
drome (MetS) suggesting a causal function of the microbiota in
T2DM [9,12].
Recently, it has been suggested the potential use of the micro-
biome to evaluate the risk of T2DM [13]. However, the predictive
value of a microbiota profile derived from cross-sectional analysis
in already diagnosed T2DM patients is limited. Nevertheless,
prospective studies might improve the selection of the bacterial
taxa associated with T2DM development and the robustness of
the predictive models. In fact, to the best of our knowledge, no
prospective studies have been conducted so far in order to identify
a microbiota associated to T2DM development.
In consideration of the possible implication of the gut micro-
biota in the disease development, we hypothesized that an alter-
ation of its composition might precede the development of this
disease and could therefore be used as a predictive associated fac-
tor. Therefore, we aimed to evaluate whether gut microbiota com-
position, in addition to clinical biomarkers, could improve the
prediction of new incident cases of T2DM in patients with CHD,
within the CORDIOPREV study.2
Patients and methods
Study patients
This study was accomplished in the context of the CORDIOPREV
study (Clinicaltrials.gov NTC00924937), a prospective randomized
controlled and ongoing clinical trial which included 1002 patients
with CHD. Patients were randomized to receive during a period of
7 years, in addition to their pharmacological prescription for CHD,
the Mediterranean (MED) or a low-fat (LF). The inclusion criteria,
methodology and rationale of the trial have been previously
described [14].
From the non-diabetic patients at the beginning of the CORDIO-
PREV study (N = 462), 107 patients were diagnosed with T2DM
after a median of 60 months of follow-up. The diagnosis was
assessed according to the ADA criteria [4]. From the patients
included in this study during the follow-up, 17 patients died, and
7 patients dropped out without being diagnosed with diabetes.
Fecal samples were available at baseline for a total of 273 patients
who had not received treatment with antibiotics within 3 months
before baseline sample collection; among them, 64 patients devel-
oped T2DM during the follow-up (Incident-DIAB group). Suppl.
Table S1 and Suppl. Table S2 show the baseline characteristics of
the patient groups.
Study design
The methods of the study has been previously detailed else-
where [14]. Briefly, participants were randomized to consume
two dietary patterns: a MED diet or an LF diet. The LF diet consisted
of a minimum of 55% carbohydrates, 15% protein, and < 30% total
fat, specifically < 10% saturated fat, 6–8% PUFA fat and 12%-14%
MUFA fat. The MED diet comprised a minimum 35% of calories as
fat, specifically 22% of MUFA fat, and the same percentage for the
rest of fat types than the LF diet. The amount of cholesterol
was < 300 mg per day for the two diets.
Dietary assessment
At baseline and every year of the study, patients were inter-
viewed individually and face-to-face by a nutritionist to complete
a previously validated in Spain with 137-items [15], semi-
quantitative food frequency questionnaire, and also a validated
MED diet adherence questionnaire [16].
The participants received personalized one-on-one interviews
at the start and two-yearly and quarterly educational collectively
sessions with nutritionists with the same intensive dietary coun-
seling in both intervention groups.
Oral glucose tolerance test (OGTT)
An OGTT was conducted at baseline and every year thereafter to
determine plasma glucose and insulin levels. Blood samples were
taken before the test and at regular intervals of 30 min during
2 h after taken the glucose solution (A dilution of 75 g of glucose
in 250 ml of water). Insulin sensitivity index (ISI), homeostatic
C. Vals-Delgado, J.F. Alcala-Diaz, H. Molina-Abril et al. Journal of Advanced Research xxx (xxxx) xxxmodel assessment (HOMA-IR), and disposition index (DI), insulino-
genic index (IGI), hepatic insulin resistance index (HIRI) and mus-
cle insulin sensitivity index (MISI) were calculated as previously
described. [17].
Ethics statement
All procedures followed were in conformity with the Helsinki
Declaration of 1975, as revised in 2008. The written informed con-
sent to take part of the study was obtained from all patients. Reina
Sofia University Hospital Ethics Committee, regional the responsi-
ble committee on human experimentation, approved the trial pro-
tocol and all amendments (No. 1496/27/03/2009).
Microbiota analysis
We used the QIAamp DNAStool Mini Kit Handbook (QIAGEN,
Hilden, Germany) for the DNA extraction of fecal samples, which
were collected at baseline, following the manufacturer’s
instructions. The 16S rRNA gene sequencing performed use the
V4 hypervariable region that were amplified using the primers
F515 (50- TAT GGT AAT TGT GTG CCA GCM GCC GCG GTA A 30)
and R806 (50- AGT CAG TCA GCC GGA CTA CHV GGG TWT CTA
AT 30) primers [18] to generate an amplification library. The com-
posite of the above specific primers included Illumina adapters and
a unique 8-nucleotide sample index sequence key [18]. The PCR
amplification was performed using the Phusion High-Fidelity PCR
Master mix (New England Biolabs, Ipswich, MA, USA) with
100 pg template DNA. The amplification program conducted was
initial denaturation during 30 s at 98 C; 30 cycles of amplification
(10 s at 98 C, 30 s at 55 C and 30 s at 72 C); and a final elongation
of 5 min at 72 C. PCR products were examined on a Fragment
Analyzer (Advanced Analytical Technologies Inc., Ankeny, IA,
USA) to estimate DNA concentration. The amplicon libraries were
pooled in equimolar amounts and purified utilizing in a first step
with the QIAquick Gel Extraction Kit (Qiagen, Valencia, CA, USA)
and then Agencourt AMPure magnetic beads (Beckman Coulter,
Brea, CA, USA). DNA concentration of the pool was calculated on
a fluorometer applying the Quant-iT PicoGreen dsDNA Assay Kit
(Thermo Fisher Scientific, Waltham, MA, USA).
The purified bar-coded amplicons obtained were paired-end
sequenced using the Illumina MiSeq platform (Illumina Technolo-
gies, San Diego, CA, USA) using 2  250 cycle paired-end settings.
The sequence data was processed and analyzed using Mothur ver-
sion 1.36.1. The taxonomic identification was conducted employ-
ing the Ribosomal Database Proyect (RDP) tool and the SILVA 16S
rRNA gene database up to the level of the genera. To exclude any
bacterial taxa that were not detected in most of the samples, a
cut-off for exclusion was set; only bacterial taxa containing
sequence readings in at least 75% of total samples were considered.
Predictive models development
A random forest classifier was performed by hold-out analysis
using the script of the caret package in R, in which the model
was trained on 70% of the data and the remaining 30% for testing
to prevent overfitting. Other machine learning methods such as
Support Vector Machine and Neural Networks were also tested,
throwing worse results than the random forest classifier. To obtain
more precise curves and assess the performance of the models on
unseen data, we used repeated 10-fold cross-validation that con-
sists of ten train and test splits, so that each data has been used
in the test set once. The cross-validation error curves (average of
ten validation sets each) and performance were averaged. The pre-
dictive value of each variable in the random forest models was cal-
culated by Mean Decrease in Accuracy. The model’s performance3
was further evaluated through the AUC on the test set. pROC R
package was used to calculate the confidence intervals for ROC
curves.
Microbiota-based risk score development
We created a risk score based on patients’ microbiome profile
from the ten bacterial taxa with the highest importance on a
microbiome-based predictive model. The predictive importance
was assessed by Mean Decrease Accuracy values. We categorized
patients according to the abundance of these bacterial taxa in
ascending tertiles, and the detrimental or beneficial role was
determined according to a higher mean baseline abundance in
Incident-DIAB or Non-DIAB group, respectively. In this way, for a
detrimental genus: tertil 1 was scored as 1 (protective), tertil 2
as 0 (neutral effect) and tertil 3 as 1 (risk), and the opposite for a
beneficial genus: tertil 1 as 1 (risk), tertil 2 as 0 (neutral effect)
and tertil 3 as 1 (protective). The score was calculated by adding
the Mean Decrease Accuracy for each bacterial taxa, with a positive
or negative value, according to the above risk or protective tertiles
and disregarding the tertiles with neutral effect (added as 0).
Statistical analysis
The statistical analysis of the data was carried out with SPSS
statistical software (IBM SPSS Statistics version 21.0). In all statical
analysis, p-values  0.05 were statistically significant.
Kolmogorov-Smirnov test was used to assess whether variables
follow a normal distribution. One-way ANOVA was performed to
calculate the statistical differences of the quantitative anthropo-
metric and metabolic variables between groups, while qualitative
data were analyzed using the Chi-Square analysis. LEfSe (Linear
discriminant analysis Effect Size) [19] was conducted for the iden-
tification of the most differently abundant taxa between groups.
Furthermore, Cox proportional hazard regression analysis was
run incorporating as covariables: age, gender, BMI, diet, HDL,
triglycerides and the intensity of statin therapy defined by the
American Heart Association (AHA). In addition, a nomogram was
performed with R based on the results of a Weibull survival model
fit with psm function employing survival package [20]. The rela-
tionship between the microbiome-based T2DM risk score and
baseline abundance of the top ten most discriminant bacterial taxa
with OGTT-derived indexes was analyzed by ANOVA for repeated
measures.Results
Baseline characteristics of the participants
Baseline body weight, waist circumference, glycosylated hae-
moglobin (HbA1c), fasting glucose, body mass index (BMI), insulin,
HIRI and HOMA-IR were higher, whereas DI, ISI and IGI were lower
in the Incident-DIAB in comparison with the Non-DIAB group
(p < 0.05). No differences were found for age or gender between
the groups (Suppl. Table S1). Furthermore, the patient population
with available fecal samples at baseline and who had not received
antibiotic treatment within 3 months before sample collection,
was representative of the total population for the T2DM incidence
study [6] (Suppl. Table S2).
Differences in gut microbiota composition between study groups
LEfSe was performed to determine the most differently abun-
dant phylotypes and the taxa of the gut microbiota at baseline
between the Incident-DIAB and the Non-DIAB group.
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terized by the preponderance of the Negativicutes and Bacilli
classes, as well as the Selenomonadales and Lactobacillales orders.
Regarding family, it was characterized by a higher abundance of
Prevotellaceae, Carnobacteriaceae, Veillonellaceae, Streptococcaceae,
Actinomycetaceae and Oxalobacteraceae, as well as by Prevotella,
Granulicatella, Streptococcus, Acidaminococcaceae unclassified genus,
Sutterella, Actinomyces and Paraprevotella. In contrast, baseline gut
microbiota in the Non-DIAB group was enriched in Actinobacteria
at phylum and class levels, as well as characterized by a predomi-
nance of Clostridiaceae, Porphyromonadaceae and Ruminococcaceae
families; in terms of genus, Odoribacter, Butyricimonas, Sporobacter
and Barnesiella, Parabacteroides, as well as an unknown genus of
the Ruminococcaceae family were predominant (Fig. 1). However,
the bacterial richness and diversity assessed by the main a diver-
sity indexes were similar between the groups (Mean ± standard
deviation (SD) in the Incident-DIAB group and the Non-DIAB group
of Chao1: 164.6 ± 23.26 and 162.6 ± 23.86 respectively, p = 0.94;
Simpson: 0.926 ± 0.01 and 0.928 ± 0.01, respectively, p = 0.63; Shan-
non: 3.12 ± 0.22 and 3.14 ± 0.20, respectively, p = 0.71).Random forest predictive model for T2DM development
Several random forest classifier models were created based on
the following data: (1) clinical variables (encompassed in the FIN-
DRISC and ADA scores: BMI, waist circumference, use of antihyper-
tensive medication, age, dietary consumption of fruit and
vegetables, physical activity, family history of diabetes, history of
gestational diabetes, history of high blood glucose (i.e. whether
participant has ever been determined to have high blood glucose
in a health test), High Density Lipoprotein (HDL), triglycerides
and HbA1c), (2) The indexes calculated from the Oral Glucose Tol-
erance Test (OGTT) (i.e. IGI, HOMA-IR, ISI, HIRI, DI and MISI), (3) the
microbiome (bacterial composition at genus level expressed as
abundance), (4) clinical variables along with microbiome, and (5)
OGTT-derived insulin sensitivity indexes combined with the
microbiome.
Firstly, we ran all the models in a training dataset that
accounted for 70% of the patients. The models were performed
using a 10-fold cross-validation method to evaluate the model’s
predictive accuracy and generalization performance. Diet and
intensity of statin treatment were included in the analyses
(Table 1a and Fig. 2a). Validation of the models was then per-
formed to confirm the results and rule out the possibility of
over-fitting models. This validation was performed in the 30% of
the patients not included in the training set (N = 82; 19 incident
cases) (Table 1b and Fig. 2b).
Clinical variables produced an area under the curve (AUC) of
0.632, i.e. lower than the AUC obtained for OGTT-derived insulin
sensitivity indexes (AUC = 0.729), and the microbiome
(AUC = 0.913). In addition, the combination of clinical variables
with the microbiome yielded an AUC of 0.946. The AUC reached
0.961 when the OGTT-derived insulin sensitivity indexes were
combined with the microbiome. The increase in the AUC observed
by the addition of the microbiome to the clinical variables was
evaluated using Venkatrama’s permutation test and Delong’s test
with a significant AUC difference observed (p < 0.001). We also
observed that the model combining clinical variables and micro-
biome obtained a 95% sensitivity and a 79% specificity on the test
dataset, whereas the model exclusively based on clinical variables
a 95% sensitivity and a 26% specificity.
When models included the patients with available fecal sam-
ples without removing those who had any antibiotic prescription
in the three months before the baseline sampling, the results were
consistent with those obtained previously (Suppl. Table S3).4
Microbiome-based risk assessment of T2DM development
We also analyzed the potential usefulness of the microbiome to
evaluate the risk of T2DM development by COX regression analy-
sis. The ten most discriminant bacterial taxa by the Mean Decrease
Accuracy were selected (Fig. 3). Furthermore, we classified patients
by ascending tertiles according to the abundance for each genus:
T1, low abundance; T2, intermediate abundance; T3, high abun-
dance. When we calculated the Cox proportional hazards regres-
sion analysis for each of the ten genera, we observed that higher
abundance of Granulicatella and Prevotella was linked with a
greater risk of diabetes development [Hazard Ratio (HR) unad-
justed T1 vs. T3: 2.310 and 1.844, 95% Confidence Interval (CI):
1.278–4.175 and 1.001–3.395, respectively; HR adjusted T1 vs.
T3: 1.963 and 2.147, 95% CI: 1.073–3.593 and 1.134–4.064, respec-
tively] (Suppl. Fig. S1).
A risk score was then created based on the ten most discrimi-
nant bacterial taxa (Fig. 3). We then evaluated T2DM development
risk according to the score generated by COX regressions, catego-
rizing patients by ascending tertiles of the score: T1, low risk score;
T2, intermediate risk score; T3, high risk score. We found an unad-
justed HR of 2.402 (95% CI 1.137–5.072) between the tertiles of T1
vs. T2, and 3.489 (95% CI 1.715–7.098) between the tertiles of T1
vs. T3. Moreover, we obtained an adjusted HR of 2.092 (95% CI
0.980–4.462) between the tertiles of T1 vs. T2, and 3.301 (95% CI
1.600–6.811) between the tertiles of T1 vs. T3 (Fig. 4). Moreover,
we also built a nomogram based on the microbiome-based risk
score and the clinical variables included in the adjusted COX
model. The nomogram showed the contribution of the value of
each variable to a total T2DM risk points that assess probability
of T2DM development at 30 months and 60 months (Suppl.
Fig. S2).The relationship between microbiome-based T2DM risk score, insulin
sensitivity and beta-cell function indexes
We also evaluated whether a microbiota profile, based on the
highly discriminant bacterial taxa identified by the predictive
model, may affect the pathophysiological mechanisms underlying
T2DM development. For this purpose, we examined the relation-
ship between the risk score, created from the ten most discrimi-
nant bacterial taxa, and the OGTT-derived indexes. Patients with
a high score risk for T2DM development had a significantly lower
DI (p = 0.048) and a significantly higher HIRI than patients with a
low-risk score (p = 0.046). Furthermore, we found that a lower
ISI was related to a high richness of Suterella (p = 0.038), and a
low abundance of Phascolarctobacterium (p = 0.040) and Faecalibac-
terium (p = 0.007). In addition, a lower DI was linked to a high
abundance of Dialister and Erysipelotrichaceae unclassified genus
(p = 0.032 and p = 0.021, respectively), whereas a higher HIRI
was associated with a high abundance of Prevotella (p = 0.029)
and low abundances of Phascolarctobacterium and Faecalibacterium
(p = 0.010 and p = 0.019) (Suppl. Fig. S3).Discussion
The present study conducted on CHD patients showed a differ-
ent baseline gut microbiota profile between groups. These results
therefore suggest that a preceding gut microbiota profile is associ-
ated with T2DM development several years before its clinical diag-
nosis. Moreover, the addition of the baseline microbiome data to
the traditional clinical risk parameters included in the ADA and
the FINDRISC risk scores, significantly improved the prediction of
diabetes development. A microbiome-based score, including the
ten most relevant bacterial taxa in the microbiome model, showed
Non-DIABIncident-DIAB
Fig. 1. Differently abundant taxa identified using LEfSe analysis. The most differently abundant taxa between the groups of study are represented in a bar graph according to
the LDA score (log 10), an estimation of the effect size and in a taxonomic cladogram. Only taxa meeting a p < 0.05 and LDA score significant threshold |>2| are shown. The
colors represent the group in which the indicated taxa is more abundant compared to the other group. In a taxonomic cladogram, each successive circle represents a different
phylogenetic level. The order from the center to the outside is phylum, class, family and genus levels. Differing taxa are listed on the right side of the cladogram.
c_Actinobacteria: Actinobacteria class.
Table 1
ROC analysis of the Random Forest classification models. (a) ROC performed using cross-validation method. (b) ROC performed on testing dataset.
a
AUC Sensitivity Specificity Accuracy Kappa coefficient
Clinical variables 0.614 (0.139) 0.92 (0.07) 0.24 (0.19) 0.758 (0.068) 0.178 (0.225)
OGTT-derived indexes 0.511 (0.151) 0.67 (0.13) 0.30 (0.22) 0.586 (0.114) 0.021 (0.224)
Microbiome 0.952 (0.048) 0.94 (0.07) 0.77 (0.18) 0.896 (0.064) 0.707 (0.178)
Microbiome + Clinical variables 0.925 (0.075) 0.92 (0.07) 0.72 (0.24) 0.874 (0.078) 0.637 (0.238)
Microbiome + OGTT-derived indexes 0.958 (0.038) 0.91 (0.07) 0.89 (0.15) 0.905 (0.060) 0.753 (0.154)
b
AUC 95% CI Sensitivity Specificity Accuracy Kappa coefficient
Clinical variables 0.632 0.467–0.797 0.95 0.26 0.790 0.269
OGTT-derived indexes 0.729 0.593–0.866 0.81 0.63 0.765 0.401
Microbiome 0.913 0.850–0.976 0.92 0.58 0.840 0.527
Microbiome + Clinical variables 0.946 0.895–0.997 0.95 0.79 0.914 0.755
Microbiome + OGTT-derived indexes 0.961 0.924–0.997 0.92 0.79 0.889 0.696
Data are mean (SD). The models were adjusted by diet and intensity of statin treatment. Clinical variables (variables included in the FINDRISC and ADA scores: body mass
index, waist circumference, dietary consumption of fruit and vegetables, age, use of antihypertensive medication, family history of diabetes, history of high blood glucose,
physical activity in addition to gestational diabetes, high density lipoprotein, triglycerides and HbA1c); OGTT-derived indexes: HOMA-IR, Homeostasis model assessment-
insulin resistance; HIRI, Hepatic insulin resistance index; ISI, Insulin sensitivity index; MISI, Muscle insulin sensitivity index; IGI, Insulinogenic index; DI, Disposition index;
AUC: area under the curve in the ROC analysis; CI: confidence interval.
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Fig. 2. Multivariate ROC models built based on the Random Forest Algorithm. (a) ROC curves of the models built using a cross-validation method in a training dataset that
accounted for 70% of the total patients. (b) ROC curves of the models obtained in the validation performed on a testing dataset composed of patients not used to build the
models (30% remaining patients not included in the training dataset). Clinical: clinical variables included in the FINDRISC and ADA scores: age, BMI, waist circumference,
physical activity, dietary consumption of fruit and vegetables, use of antihypertensive medication, history of high blood glucose, family history of diabetes in addition to
gestational diabetes, HDL, triglycerides and HbA1c; Indexes: OGTT-derived indexes (HOMA-IR, Homeostasis model assessment- insulin resistance; ISI, Insulin sensitivity
index; IGI, Insulinogenic index; HIRI, Hepatic insulin resistance index; MISI, Muscle insulin sensitivity index; DI, Disposition index). The models were adjusted by diet and
intensity of the statin treatment including these variables in all the models.
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significantly increased risk of incident T2DM.
The clinical biomarkers used to identify patients at T2DM risk,
such as those contained in the FINDRISC score, are not able to accu-
rately predict disease development in every population [5–7].
Given the need to identify new biomarkers for the early detection
diabetes risk, we previously showed that the curves of probability
of disease-free status based on the plasma lipopolysaccharides
(LPS) postprandial fold change, enhanced diabetes risk assessment
compared with the previously cited FINDRISC score [6]. Current
evidence links the development of metabolic diseases, including
T2DM, to modifications in the composition of the gut microbiota
[8,9]. In the same context, the gut microbiota have potential to dis-
tinguish T2DM patients from non-diabetic individuals supported
by the results of several studies [8]. However, these studies cannot
conclusively prove the causality of the gut microbiota in T2DM
development, since they were performed in already diagnosed
T2DM patients whose gut microbiota could also be altered by sev-
eral confounding factors, including the disease duration and antidi-
abetic drug treatment [10]. In contrast, our study has the added
value of have being performed years before diabetes clinical diag-
nosis, supporting a stronger evidence of an association between a
microbiota profile and T2DM development.
We developed a predictive model combining the baseline
microbiome data and the traditional clinical risk parameters of
ADA and FINRDRIS scores for T2DM. This model was able to predict
accurately with a 95% sensitivity and a 79% specificity T2DM devel-
opment on the test dataset.
In fact, our study applied the traditional clinical risk parameters
of ADA and FINRDRISC scores for T2DM to patients with CHD and
high T2DM risk. The analysis results indicated that the addition of
baseline microbiome to the traditional clinical risk parameters sig-
nificantly improve the prediction in CHD patients.6
The performance obtained with the model of this study improve
the recently reported models based on microbiome features com-
bined with traditional risk factors to identify type 2 diabetes
patients [11,13]. It is noteworthy that, all the above reported mod-
els were obtained from cross-sectional studies. A prospective clin-
ical investigation of gut microbiota as predictive factor of T2DM
development had not been previously conducted. Therefore, in
view of these findings, prospective studies might be more appro-
priate for the selection of the bacterial taxa associated, the robust-
ness of predictive models and microbiome risk score construction.
Several of the bacterial taxa showing a high predictive power
according to our model have previously been associated with
metabolic diseases. For example, an abundance of Granulicatella
has been positively related to MetS [21], body fat percentage and
fasting glucose levels [22]. Prevotella has recently been related to
IR [23]. The Incident-DIAB group was characterized by the prepon-
derance of these two genera, and a high abundance of these was
associated with a greater risk of diabetes development. The Sut-
terella genus has also been positively associated with MetS [24]
and prediabetes [25]. Furthermore, the abundance of Prevotella
and Paraprevotella, both highly discriminant in our model and
more abundant in the Incident-DIAB group, has been reported to
decrease after duodenal-endoluminal sleeve surgery in parallel
with an improvement in glucose homeostasis [26]. The abundance
of the Faecalibacterium [9] and Phascolarctobacterium [27], previ-
ously associated with beneficial effects in terms of Short-Chain
Fatty Acid (SCFA) production, were also identified as significant
in our model; the Incident-DIAB group had a significantly lower
concentration of these bacteria. This is supported by the fact that
Faecalibacterium is a butyrate-producing genus reduced in diabetic
patients [8]. Of note, butyrate exerts anti-inflammatory properties
[28]. Phascolarctobacterium is an acetate and propionate producer
[29]; acetate is essential for butyrate synthesis via the butyryl
Fig. 3. Variable Importance values of microbiome model. Variable Importance is represented by the mean decrease in accuracy of the models when these taxa are removed.
The higher the mean decrease in accuracy or bar length, the greater the importance of the variable. The ten most discriminant genera were highlighted.
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genus [30].
Even though some of the highly predictive bacteria in our model
differ from previous studies comparing microbiome from diag-7
nosed diabetic patients with controls [8]. However, these differ-
ences can be attributed to the fact that, unlike the previous
studies, the predictive models used in this study involved micro-
biome composition data that preceding the clinical diagnosis of
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Fig. 4. Probability of T2DM development by COX regression analysis according to the microbiome-based risk score. The microbiome-based risk score was built with the top
ten most discriminant bacterial taxa. The data represent risk score values by ascending terciles: T1, low risk score; T2, intermediate risk score; T3, high risk score. N at risk:
number of patients remaining non-diabetic. N censored: cumulative number of censored patients because not completing the follow-up period (dropout or death). N
events: number of patients who were diagnosed as diabetic during the follow-up. CI: confidence interval. HR: Hazard ratio. *This model was adjusted by age, gender, diet,
BMI, HDL, triglycerides and intensity of statin treatment.
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our study is in agreement with the functionality previously pro-
posed for these bacterial taxa.
In this context, Akkermansia has been reported by several stud-
ies to act beneficially through its involvement in intestinal barrier
integrity and immune response [31]. However, in another study,
diabetic patients exhibited a high abundance of Akkermansia, prob-
ably due to the effects of metformin which can increase these bac-
teria [8]. Notably, a major strength of our study is that microbiome
was analyzed years before the clinical diagnosis, thus avoiding any
effect produced by antidiabetic drug treatment. Despite the poten-
tial role of this bacterial genus in gut barrier integrity, Akkermansia
appeared in the fifteenth position in our predictive model.
Moreover, we created a microbiome-based risk score with the
ten most important bacterial taxa of the microbiome-based model.
A high risk score, implying a harmful effect of these bacteria, was
related with a greater risk of becoming diabetic, highlighting the
potentiality of certain gut microbiota to identify high risk patients
in a CHD population. To explore the underlying pathophysiological
mechanisms that might support these results, we analyzed the
relationship between the microbiome-based risk score and the
OGTT-derived indexes. Our results suggested that patients with a
high risk microbiome-based score had increased beta-cell dysfunc-
tion and IR throughout the study, as evidenced by a lower DI and a
higher HIRI, respectively. However, despite these observations and
the elevated incidence of T2DM in our CHD population, higher than
the observed in the whole population [32], we observed a higher8
AUC in the ROC analysis of the models including microbiome data-
set than those including OGTT-derived indexes, suggesting gut
microbiome as a major associated factor of T2DM development.
We also found that a lower DI was related to a high baseline
abundance of Dialister. Dialister invisus is a non-SCFA producer spe-
cies, whose growth is enhanced by succinate [33]. It is plausible
that a higher abundance of Dialister genus, as observed at baseline
in Incident-DIAB group, may represent a higher abundance of this
succinate-consuming species, a precursor of propionate and buty-
rate production [34]. Consequently, the production of these SCFAs
may be decreased, leading to a depletion of glucagon-like peptide 1
(GLP-1) and insulin production, since these SCFAs can lead to the
secretion of GLP-1 by binding to G-protein coupled receptors
(GPCRs) from L-cells; GLP-1 promotes insulin secretion and beta-
cell proliferation [9]. This suggestion is supported by the reduction
of D. invisus abundance in post-bariatric surgery diabetic patients,
together with an improvement in their metabolic status [35]. Fur-
thermore, the abundance of Dialisterwas positively correlated with
a high HbA1c in prediabetic patients [36]. Besides an increased
abundance of this genus was also observed in diabetic patients
without metformin treatment compared with controls [36].
Intestinal microbiota may regulate beta-cell functionality
through bile acid metabolism. Certain secondary bile acids synthe-
sized by the gut microbiota have been recognized as ligands for the
membrane-bound GPCR TGR5 in the lumen, whose activation leads
to GLP-1 production [37]. We also observed a lower DI in patients
with a high baseline abundance of an unidentified genus belonging
C. Vals-Delgado, J.F. Alcala-Diaz, H. Molina-Abril et al. Journal of Advanced Research xxx (xxxx) xxxto the Erysipelotrichaceae family, that has been linked to host lipid
and cholesterol metabolism [38]. Actually, the abundance of this
bacterial family is negatively related to fecal cholesterol excretion
[39]. Given this association, a higher abundance of the Erysipelotri-
chaceae unclassified genus may reflect reduced bile acid fecal excre-
tion, therefore, bile acid levels in the colon and, consequently,
lower secondary bile acid production. This, in turn, may downreg-
ulate TGR5 and decrease the secretion of GLP-1 and glucose-
stimulated insulin. This suggested pathway has been supported
by the fact that bile acid sequestrants (enhancing fecal excretion
of bile acids) produces a glucose-lowering effect and increase
GLP-1 levels in diabetes [40].
Apart from other potential mechanisms by which a specific
microbiota pattern may trigger T2DM development, metabolic
endotoxemia may play a crucial role. In this context, gut micro-
biota can influence intestinal permeability, hence, affect the
absorption of pro-inflammatory bacterial components, such as
LPS, which have been shown to induce hepatic IR [41]. We have
previously shown in the same population that higher postprandial
endotoxemia precedes the development of T2DM [6]. The
increased LPS levels may be partially responsible for the higher
HIRI observed in this study in patients with a high risk score,
because the liver is known to be the first target of LPS-induced IR
[41]. Furthermore, the baseline abundance of Phascolarctobac-
terium and Faecalibacterium had a positive effect on HIRI progres-
sion, presumably through the butyrate-induced reduction in
inflammation and the improved intestinal barrier integrity
[28,42]. Another potential mechanism linking the gut microbiota
profile to hepatic IR may involve the modulation of serum
Branched-Chain Amino Acids (BCAA) levels. Our study showed that
HIRI could also be negatively affected by the baseline abundance of
Prevotella, which has been reported as a potential biosynthetic
genus for BCAAs, driving the positive association between elevated
BCAAs levels and IR [23].
This study has limitations. Really, it was a secondary study con-
ducted in the non-diabetic subgroup at baseline, as T2DM preven-
tion was not the main objective of the CORDIOPREV study.
Therefore, it limits our findings to individuals with this comorbid-
ity. Nevertheless, T2DM prediction is essential, since patients with
concurrent CHD and diabetes have a considerably greater risk of
having a new cardiovascular event than those without diabetes
[3]. It would be ideal to validate it in a cohort without CHD in order
to unequivocally confirm and extend our findings to the general
population.Conclusion
In conclusion, the current study supports a potential role of the
intestinal microbiota as an associated factor of T2DM development.
The results showed a microbiota profile associated to the T2DM
that improved the prediction of diabetes development when added
to traditional clinical parameters. Moreover, we built a risk score
based on the ten most important bacteria of the predictive model
representative of the likelihood of developing diabetes. In fact,
patients with high risk score values had higher the hepatic insulin
resistance and beta-cell disruption. Therefore, the use of micro-
biome data combined with clinical parameters may improve the
early identification of patients at risk for T2DM in clinical practice.Ethical statement
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